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 A B S T R A C T

Rheumatoid arthritis (RA) remains a condition in which complementary, non-invasive assessment tools are 
actively explored. While previous thermography studies have focused mainly on temperature dynamics or 
texture features, the diagnostic value of information-theoretic complexity measures is still not well understood. 
This study evaluates three such measures, Lempel–Ziv complexity (LZC), permutation complexity (PC), and 
belief permutation entropy (BPE), for distinguishing RA patients from healthy individuals, with emphasis on 
the impact of different symbolic encoding strategies under no-cooling and cooling conditions. A dataset of 477 
hand thermograms (291 healthy controls, 186 RA patients) was analyzed using four encoding schemes: binary, 
slope-direction, zero-crossing, and multilevel thresholding. All statistical conclusions were assessed at the 
subject level using median aggregation per participant, with multiplicity-adjusted testing on protocol-matched 
cohorts to avoid within-subject dependence and availability bias. The primary endpoint was subject-level 
discrimination quantified by effect size and ROC–AUC. Results indicate that the diagnostic utility of complexity 
measures in hand thermography strongly depends on both encoding choices and the acquisition protocol. Under 
no-cooling conditions, several LZC variants and PC showed statistically significant but small group differences 
after BH-FDR correction (|𝑑| ≈ 0.23 − 0.29;𝐴𝑈𝐶 ≈ 0.57 − 0.58). Under cooling, most LZC- and PC-based 
effects were attenuated and yielded lower discriminative performance than BPE in the primary subject-level 
analysis. In contrast, BPE became the strongest discriminator, reaching a large effect size (𝑑 ≈ 0.80, BH-FDR 
𝑝 < 10−5) and stable ROC–AUC (≈ 0.71). Overall, the results show that encoding strategy is a major determinant 
of complexity-based thermographic discrimination, while BPE provides a robust tie-aware ordinal descriptor 
under thermal stress.
1. Introduction

Rheumatoid arthritis (RA) is a chronic autoimmune disease charac-
terized by persistent synovial inflammation, progressive joint destruc-
tion, and systemic manifestations. Despite advances in pharmacother-
apy, RA affects nearly 1% of the global population and remains a major 
cause of disability [1–4]. Early intervention is critical, but early-stage 
diagnosis remains difficult due to nonspecific symptoms, heterogeneous 
disease course, and the absence of a single definitive biomarker [5–7].

Current diagnostic practice combines clinical assessment with sero-
logical markers (RF, ACPA) and imaging [8,9]. Although ultrasound 
and magnetic resonance imaging (MRI) can detect inflammatory and 
structural changes, they may be costly, time-consuming, and/or

∗ Corresponding author.
E-mail address: aprego@ippt.pan.pl (A. Pregowska).

operator-dependent [10–12]. These limitations motivate complemen-
tary, non-invasive biomarkers; infrared thermography is a promising 
modality because it captures inflammation-related thermal patterns 
reflecting altered superficial heat distribution.

The diagnostic utility of thermography is enhanced by dynamic 
protocols, such as cold stress tests, which can reveal class-relevant 
information beyond resting temperature maps [13,14]. However, com-
monly used thermographic indices rely largely on absolute temperature 
levels and first-order statistics, which may under-represent clinically 
relevant spatial heterogeneity. To address this, we treat thermograms as 
information-rich signals amenable to nonlinear complexity analysis and 
focus on algorithmic and ordinal descriptors that can capture structure 
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beyond mean levels. In particular, Lempel–Ziv complexity (LZC) and 
permutation-based measures are frequently used to quantify signal 
dynamics [15–17]. LZC has been widely used as a diagnostic feature 
in biomedical classification tasks [18]. A key methodological issue in 
thermography is that LZC requires discretization: symbolic encoding 
can amplify or suppress diagnostically relevant heterogeneity, but its 
impact in thermographic RA settings is not sufficiently characterized.

Moreover, thermograms frequently contain near-equal neighboring 
values (‘‘ties’’) due to limited thermal resolution and sensor noise, 
which can affect ordinal-pattern analysis. We therefore include Be-
lief Permutation Entropy (BPE) [19], an evidence-theoretic extension 
designed to handle ties and uncertainty more robustly. The primary 
objective of this work is to systematically evaluate how symbolic 
encoding strategies (binary, slope-direction, zero-crossing, multilevel 
thresholding) influence LZC-based discrimination and to compare LZC 
with permutation complexity and BPE (computed on the continuous 
raster signal) under both no-cooling and cooling conditions. Recent 
studies indicate that machine-learning methods are being explored 
for RA detection from radiographs and thermal data, including deep 
learning-based radiographic texture analysis [20] and CNN models for 
hand thermograms [21].

In RA thermography, dynamic cold-challenge protocols can reveal 
class-relevant information beyond static temperature maps, and ther-
mographic indices have been reported to correlate with disease activity 
in clinical cohorts [13,22,23]. Beyond temperature-derived markers, 
earlier studies also indicate that spatial heterogeneity carries diagnos-
tic information, for example, through texture-based descriptors such 
as GLCM features [24,25]. However, the role of symbolic encoding 
in complexity-based thermographic descriptors remains insufficiently 
investigated, despite the fact that algorithmic and ordinal complexity 
measures are known to be sensitive to discretization choices and order-
ing ambiguities [16,26,27]. In this context, belief permutation entropy 
provides a principled evidence-theoretic mechanism for handling ties 
and near-equal values, which are common in thermograms due to 
limited thermal resolution and quantization [19].

2. Materials and methods

2.1. Experimental design

This cross-sectional study included 62 patients (mean age 53.3 ±
6.3 years; 32 women and 30 men) with rheumatoid arthritis who 
attended the Rheumatology and Internal Diseases Clinic at the Medical 
University of Bialystok (Approval No. R-I-002/16/2016). Patients with 
respiratory, cardiovascular, or dermatological disorders, as well as 
those with rheumatic diseases other than RA, were excluded. The con-
trol group consisted of 97 healthy subjects (mean age 54.5 ± 2.9 years; 
58 women and 39 men). Before the experiment, all participants were 
instructed to refrain from alcohol, coffee, and caffeinated beverages for 
24 h, smoke for 2 h, and physical activity for 24 h before measurements. 
All examinations were performed at approximately 1:00 p.m.

Thermal imaging was conducted following an active dynamic ther-
mography protocol. Infrared images of the dorsal aspect of both hands 
were captured with a FLIR E60bx camera (resolution: 320 × 240 
pixels, thermal sensitivity < 0.045 ◦C, accuracy < 2 ◦C, spectral range 
8-12 μm; FLIR Systems Inc., USA). All measurements were carried out 
in standardized settings: subjects remained seated in a fixed position, 
room temperature was maintained at 23 ± 1 ◦C, relative humidity was 
55%, and the emissivity of the skin of the hands was fixed at 0.98. 
Each session was preceded by a 15-minute acclimatization period to 
ensure thermal stabilization. Thermal recordings reflected temperature 
changes of two objects: the palm and the background. The first frame 
captured baseline conditions before cooling (static thermography). The 
hand was then immersed in water at 0 ± 0.2 ◦C for 5 s, followed by a 
180-second rewarming period. The main criteria were a decrease in the 
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temperature of the hand at least 6 ◦C during cooling and subsequent 
stabilization during rewarming [13].

During the rewarming phase, the thermograms were continuously 
acquired at 30 frames per second for 180 s (≈ 5400 frames in total). 
For further analysis, the sequences were down-sampled by retaining 
every 100th frame, resulting in 53 images per recording. To verify 
that the cooling–rewarming response reached a quasi-stationary regime 
and that the observed stabilization was consistent across subjects, 
we analyzed the time course of the mean hand temperature in each 
recording. For every down-sampled sequence, we computed the region-
of-interest (ROI) average temperature and its frame-wise difference 
across the 53 frames. Within the post-cooling interval, the absolute 
change between consecutive frames remained small compared to the 
initial cooling-induced drop, and the temperature–time curves did not 
exhibit high-frequency fluctuations, indicating that the thermal dynam-
ics had entered a stable regime. This trend was observed in both RA 
patients and healthy controls, supporting the assumption that the cool-
ing protocol produced comparable stabilization of the thermal signal 
throughout the entire cohort. While these 53-point mean ROI time se-
ries were used to confirm temporal stability, the subsequent complexity 
analysis (LZC, PC, BPE) was performed on the spatial distribution of 
pixels within the segmented 2D ROIs of these frames to quantify and 
compare thermal heterogeneity.

2.2. Image processing

Thermogram processing and analysis were performed using MAT-
LAB (MathWorks, Natick, MA, USA). Each thermogram was stored as 
a 320 × 240 matrix describing the spatial temperature distribution 
in degrees Celsius. For subsequent processing, the thermograms were 
converted into grayscale images (0–255) using a uniform temperature-
to-intensity mapping across all frames. To prepare the data for complex-
ity analysis, each thermogram underwent a multi-stage segmentation 
process to extract the region of interest (ROI) corresponding to the 
dorsal aspect of the hand, followed by a robust vectorization procedure 
to transform the 2D spatial data into a 1D format suitable for symbolic 
dynamics analysis.

For segmentation of the heterogeneous set of healthy and pathologi-
cal palms, a combined strategy was adopted. If the final frame could be 
segmented by thresholding its brightness histogram, the resulting mask 
was propagated to all preceding frames. In cases where simple thresh-
olding proved insufficient, a three-dimensional tensor (320 × 240 × 53) 
was constructed to analyze the temporal rate of temperature change in 
each pixel. This approach enabled the statistical separation of the palm 
from background noise, which was modeled as a Gaussian distribution. 
Homogeneous regions of the background were used to approximate 
the baseline brightness, facilitating the accurate exclusion of non-palm 
pixels.

To ensure reproducibility across software environments, ROI seg-
mentation, masking, and temperature-to-grayscale conversion were 
implemented in MATLAB, consistent with the acquisition workflow. 
Complexity-feature computation (LZC/PC/BPE), statistical testing,
resampling-based confidence intervals, and predictive-validation rou-
tines (ROC, bootstrap CI, grouped cross-validation) were additionally 
implemented in Python as an independent verification layer. Runtime 
and memory benchmarks are reported in Appendix  D (Table  D.8).

2.3. Quantitative validation of the 2D-to-1D raster mapping

To assess the traversal dependence of the 2D-to-1D mapping, we 
compared three deterministic rasterization strategies: row-major (de-
fault), column-major, and zigzag traversal. We report three complemen-
tary diagnostics: a geometry-based row-boundary adjacency share in 
the 2D grid, ordinal-pattern stability quantified by Jensen–Shannon di-
vergence (JSD) between permutation-pattern histograms obtained from 
different traversals, and cohort-level agreement of permutation-based 
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Fig. 1. Flowchart of the thermogram processing pipeline, including ROI segmentation and 2D-to-1D raster vectorization. LZC is computed from symbolized 
sequences obtained with the four encoding schemes, whereas PC and BPE are computed directly from the continuous normalized raster signal. Complexity 
measures are computed per-frame from the 2D ROI to quantify spatial thermal heterogeneity.
descriptors via Spearman correlation between row-major and column-
major scans (reported for PC and BPE). Table  C.7 summarizes these 
results. Geometry-based diagnostic indicates that row-boundary jumps 
contribute only a negligible fraction of 4-neighborhood adjacencies 
(median 0.1562%). Ordinal-pattern histograms show low divergence 
between traversals (median JSD ≈ 0.018–0.020), while feature agree-
ment is moderate (𝜌 ≈ 0.20–0.25 at the image level), confirming that 
traversal can affect absolute feature values. This observation motivates 
the subject-level traversal robustness analysis reported in Section 3.5. 
Importantly, all results in this manuscript are computed using the same 
predefined traversal (row-major) applied consistently across subjects 
and protocols.

2.4. Dataset and preprocessing

The final dataset consisted of 𝑁 = 477 raw grayscale hand ther-
mograms, of which 291 corresponded to healthy controls and 186 to 
patients with rheumatoid arthritis. We defined the dataset as: 
𝑋 = {𝑥𝑖}𝑁𝑖=1, 𝑥𝑖 ∈ R𝐻×𝑊 (1)

where each element 𝑥𝑖 represents a segmented ROI thermographic 
image of a hand with spatial dimensions 𝐻×𝑊 . The dataset consists of 
two disjoint subsets: 𝑋 = 𝑋𝐻∪𝑋𝑅𝐴, where |𝑋𝐻 | = 291 and |𝑋𝑅𝐴| = 186.

For the cooling-predictive validation subset, only thermograms with 
complete post-cooling sequences and valid ROI masks were retained, 
resulting in 𝑁 = 202 thermograms available for univariate ROC and 
group cross-validation. Protocol-comparable cohort definition. To ad-
dress protocol comparability and potential selection bias due to in-
complete post-cooling sequences, we performed all protocol-contrast 
conclusions on a matched subject cohort comprising only participants 
with valid data under both no-cooling and cooling protocols. In addi-
tion, we verified that the availability of complete cooling sequences was 
not meaningfully associated with group label by comparing the propor-
tion of excluded/retained recordings between RA and Healthy cohorts 
(reported in the matched-cohort subsection). These steps ensure that 
protocol-dependent differences are not driven by cohort composition.

2.5. Encoding and sequence transformation

Each image 𝑥𝑖 was converted into a one-dimensional signal by 
raster scanning. To maintain consistency with the spatial analysis, we 
employed a row-major vectorization strategy: 
𝑠𝑖 = vec(𝑥𝑖 ⊙𝑀𝑖) ∈ R𝐿ROI,𝑖 , (2)

Here, 𝑀𝑖 ∈ {0, 1}𝐻×𝑊  denotes the ROI mask for the image 𝑖, and 
vec(⋅) extracts and concatenates only ROI pixels in a fixed row-major 
order. The resulting sequence length 𝐿  is equal to the number of 
ROI,𝑖

3 
ROI pixels and may vary between images. This avoids background-
padded constants that could artificially inflate regularity. As validated 
in Section 2.3, this transformation preserves sufficient spatial adjacency 
for the subsequent complexity analysis. Subsequently, the signal 𝑠𝑖 was 
transformed into a symbolic sequence: 
𝑠̃𝑖 = 𝑓 (𝑠𝑖) ∈ 𝐿ROI,𝑖 (3)

where 𝑓 (⋅) is the encoding function and  denotes the alphabet. 
We considered four encoding schemes: binary coding, slope-direction 
coding, zero-crossing coding, and multilevel thresholding. The resulting 
symbolic sequences 𝑠̃𝑖 served as input for LZC, while PC and BPE were 
calculated directly from the continuous normalized raster signal 𝑠∗𝑖 . 
The workflow is illustrated in Figs.  1 and 2. The algorithmic details 
and executable pseudocode (Algorithms A1–A6) are provided in Ap-
pendix  A. The full reproducibility specification, including encoding and 
complexity-computation parameters, is reported in Appendix  B (Tables 
B.5 and B.6).

2.6. Lempel–Ziv complexity

Lempel–Ziv complexity is a classical algorithmic complexity mea-
sure that quantifies the rate at which new patterns appear in a symbolic 
sequence [16]. It provides a model-free estimate of the information 
content of a signal and has been used extensively in biomedical data 
analysis.

Formally, let a finite-length sequence be denoted as: 
𝑥𝑛1 ∶= 𝑥1𝑥2 ⋯ 𝑥𝑛, 𝑥𝑖 ∈ , || = 𝛼 (4)

where  is a finite alphabet. A block (or subword) of length 𝓁 is any 
contiguous substring of 𝑥𝑛1, i.e. 

𝑥 𝑖+𝓁−1
𝑖 ∶= 𝑥𝑖𝑥𝑖+1 ⋯ 𝑥𝑖+𝓁−1, 1 ≤ 𝑖 ≤ 𝑛 − 𝓁 + 1 (5)

The Lempel–Ziv parsing algorithm proceeds sequentially from left 
to right. Starting with the first symbol, new substrings are generated 
until a pattern is encountered that has not yet appeared in the parsed 
portion of the sequence. At this point, a new block is created and the 
procedure is iterated until the end of the sequence. The total number 
of such blocks defines the raw Lempel–Ziv complexity:
𝐶𝛼(𝑥𝑛1) = number of distinct substrings identified in parsing.

Because the raw value depends on both the alphabet size and the 
sequence length, a normalized form is typically employed: 

𝑐𝛼(𝑥𝑛1) =
𝐶𝛼(𝑥𝑛1)
𝑛∕ log𝛼 𝑛

. (6)

For random sequences generated by i.i.d. processes, 𝑐𝛼(𝑥𝑛1) → 1 as 
𝑛 → ∞. In contrast, for regular or periodic sequences, 𝑐𝛼(𝑥𝑛1) → 0. 
Thus, the normalized LZC reflects the richness of information from 
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Fig. 2. Dataset and image processing pipeline. The dataset consisted of 477 raw grayscale hand thermograms (291 healthy controls, 186 RA patients). Each 
thermogram (320 × 240 pixels) was vectorized into a one-dimensional signal,encoded using symbolic schemes (binary, slope-direction, zero-crossing, multilevel 
thresholding), and evaluated with complexity measures. LZC is computed from symbolized sequences, whereas PC and BPE are computed directly from the 
continuous normalized raster signal.
the data and approximates the entropy rate for ergodic stochastic pro-
cesses [16,28]. Consequently, LZC can serve as a model-free descriptor 
of thermographic signal complexity [29,30].

These four encoding schemes were selected because they span com-
plementary symbolic representations commonly used in complexity 
analysis: amplitude-threshold encoding (binary, zero-crossing), local 
directional encoding (slope-direction), and coarse multi-amplitude dis-
cretization (multilevel thresholding). Together, they provide a compact 
yet representative benchmark of how discretization granularity and 
local ordering affect LZC-based discrimination.

Moreover, all conclusions regarding encoding sensitivity should be 
interpreted as relative to this selected low-complexity encoder family, 
rather than as general statements about symbolic encoding strategies.

More specialized symbolic schemes (e.g., symbolic aggregate ap-
proximation or adaptive differential codings) were intentionally not 
included in this first benchmark study in order to preserve interpretabil-
ity and to compare representative low-complexity encoders commonly 
used in biomedical signal analysis.

Accordingly, the present benchmark should be interpreted as a 
comparison within a compact and representative set of low-complexity 
symbolic encoders, rather than as an exhaustive evaluation of symbolic 
encoding strategies in general.
4 
In the present study, Lempel–Ziv complexity is used exclusively 
as a feature-level descriptor derived from symbolized thermographic 
signals, rather than as a standalone decision rule. Classification perfor-
mance is evaluated using simple univariate logistic regression models 
applied to subject-level aggregated features, ensuring that the con-
tribution of LZC remains interpretable and directly comparable to 
permutation-based measures. This design avoids conflating feature ex-
traction with classifier complexity and allows the methodological im-
pact of symbolic encoding to be assessed in isolation.

2.7. Permutation-based complexity and belief entropy

In this manuscript, ‘‘Permutation Complexity’’ refers to the normal-
ized Shannon entropy of ordinal-pattern distributions, i.e., the classical 
normalized permutation entropy. Permutation Complexity is a robust 
tool for quantifying the ordinal dynamics of a signal by analyzing 
the distribution of its permutation patterns [26,27]. Permutation-based 
descriptors have a well-established theoretical foundation and practical 
relevance in biomedical signal processing, because ordinal patterns 
are invariant to monotone transformations and relatively robust to 
amplitude scaling and outliers [26,27,31]. In practice, the choice of 
embedding dimension 𝑚 and delay 𝜏 controls the locality of ordinal 
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structure: small (𝑚, 𝜏) capture micro-heterogeneity, whereas larger val-
ues probe coarser spatial organization but require substantially more 
samples for stable pattern statistics [27,31]. Traditionally, PC are based 
on Shannon entropy to measure the diversity of these patterns. How-
ever, in infrared thermography, the limited thermal resolution (NETD) 
and sensor noise frequently lead to ‘‘ties’’, which are identical tempera-
ture values in neighboring pixels. The standard PC often handles these 
ties by adding small random noise or by ordinal ranking based on the 
order of appearance, both of which can inject artificial complexity or 
lose valuable information regarding thermal homogeneity.

To address these limitations, we incorporated Belief Permutation 
Entropy (BPE) [19], which extends the permutation framework using 
the Dempster-Shafer evidence theory. Instead of forcing a strict rank-
ing, BPE treats the ties as a state of uncertainty. For an embedding 
vector 𝐱𝑡 = (𝑥𝑡, 𝑥𝑡+𝜏 ,… , 𝑥𝑡+(𝑚−1)𝜏 ), values that differ by less than a tol-
erance threshold 𝜖 are grouped into clusters. Each cluster represents a 
focal element 𝐴 ⊆  (where  is the set of all 𝑚! possible permutations), 
representing all admissible orderings within that window.

The uncertainty is then quantified using Deng’s entropy [32], which 
is preferable to Shannon entropy in this context because it explicitly 
accounts for the cardinality of focal sets. The BPE is defined as: 

𝐻BPE = −
∑

𝐴⊆
𝑚(𝐴) log2

𝑚(𝐴)
2|𝐴| − 1

(7)

where 𝑚(𝐴) = 𝑛𝐴∕𝑁 is the corresponding empirical mass function, 
𝑛𝐴 denotes the number of embedding windows assigned to the focal 
element 𝐴, 𝑁 is the total number of embedding windows, and |𝐴|
denotes the cardinality of 𝐴. This formulation ensures that when a 
pattern is precise (|𝐴| = 1), the measure is reduced to the classical 
form. When ties occur (|𝐴| > 1), the denominator 2|𝐴| − 1 penalizes 
the ‘‘ignorance’’ or lack of information, providing a more conservative 
and reliable descriptor of spatial heterogeneity.

Deng’s entropy is preferred here because it explicitly incorporates 
set cardinality and, therefore, distinguishes between true diversity of 
ordinal patterns and apparent diversity inflated by tie-induced am-
biguity. In thermograms with limited NETD, ties frequently reflect 
uncertainty rather than new information; Deng’s entropy naturally 
reduces such ambiguity through the (2|𝐴| − 1) term, whereas Shannon 
entropy after deterministic or random tie-breaking may overestimate 
complexity.

For this study, we set the embedding dimension 𝑚 = 5 and the time 
delay 𝜏 = 1 to capture local pixel interactions. The tie tolerance was 
adaptively defined as 𝜖 = 10−3 ⋅ IQR(𝑠∗), where IQR is the interquartile 
range of the normalized signal. The tolerance 𝜖 controls the tie-non-
tie boundary: smaller values treat near-equal temperatures as distinct 
(risking noise-driven permutations), whereas larger values merge more 
samples into focal sets (increasing uncertainty penalties and reduc-
ing apparent complexity). Adaptive scaling with IQR(𝑠∗) keeps this 
trade-off comparable between subjects and protocols by linking the tie 
handling to the dispersion within the ROI.

Because LZC is defined for symbolic sequences, the encoding func-
tion 𝑓 (⋅) (binary, slope-direction, zero-crossing, multilevel) was applied 
only to compute LZC from 𝑠̃𝑖. In contrast, permutation-based measures 
operate naturally on continuous-valued signals and were computed di-
rectly from the normalized raster signal 𝑠∗𝑖  (Appendix Table  B.6, image 
normalization line), without discretization. Consequently, PC and BPE 
do not have ‘‘encoding variants’’ in this study. They are reported once 
per protocol as continuous-signal descriptors, with BPE handling ties 
via tolerance 𝜖. This design isolates the effect of symbolic discretization 
to LZC, while keeping PC/BPE consistent with their standard definitions 
in ordinal-pattern analysis.

Because ties can become frequent in thermograms (quantization and 
cooling-induced regularization), deterministic tie-breaking in permuta-
tion complexity may introduce traversal-dependent bias when many 
equal values occur within an embedding window. To ensure a fair 
comparison with BPE, we therefore report a tie-handling sensitivity 
5 
analysis for PC: deterministic index-based tie-breaking (default), and 
randomized tie-breaking implemented by adding a small i.i.d. jitter 
with amplitude proportional to the tie tolerance 𝜖 (repeated 𝑅 times, 
results averaged). This analysis quantifies the extent to which PC’s 
discrimination changes under tie-breaking choices and ensures that 
the reported advantage of BPE under cooling is not an artifact of an 
unfavorable baseline definition.

To quantify the prevalence of ties and near-ties in a manner consis-
tent with the BPE formulation, we additionally computed a descriptive 
statistic defined as the proportion of adjacent pixel pairs (𝑝𝑖, 𝑝𝑗 ) in 
the 2D ROI satisfying |𝑝𝑖 − 𝑝𝑗 | < 𝜖. This measure provides a direct 
estimate of how frequently the tie-handling mechanism is engaged 
under each protocol. Formally, for each thermogram we define the 
near-tie prevalence as

𝜋tie =
1
||

∑

(𝑖,𝑗)∈
I
(

|𝑝𝑖 − 𝑝𝑗 | < 𝜖
)

,

where  denotes the set of 4-neighborhood pixel pairs within the ROI. 
Subject-level summaries are obtained by median aggregation across 
thermograms.

The selected parameters were chosen to balance ordinal resolution, 
numerical stability, and comparability across subjects. In particular, 
𝑚 = 5 and 𝜏 = 1 were selected as a compromise between capturing 
local ordinal structure and maintaining sufficient pattern counts for 
reliable estimation within finite ROI rasters. The adaptive tolerance 
𝜖 = 10−3 ⋅ IQR(𝑠∗) ensures that tie handling scales with within-subject 
variability, avoiding both noise-driven over-segmentation and excessive 
merging of ordinal patterns.

2.7.1. Notation clarity and normalization
To avoid ambiguity, the logarithm in Eq. (7) applies to the full ratio 

𝑚(𝐴)∕(2|𝐴|−1). The logarithm base affects only scaling; we adopt base-2 
for consistency with information-theoretic conventions used through-
out this work. Normalized belief permutation entropy is reported as 
ℎBPE = 𝐻BPE∕ log2(𝑚!), which reduces to the classical normalized per-
mutation entropy in the no-tie case (|𝐴| = 1) and provides a bounded 
scale for comparison with permutation complexity.

2.8. Statistical analysis and predictive validation

The primary inferential analysis was performed at the subject level. 
Because multiple thermograms were available per participant,
thermogram-level feature values were first aggregated within sub-
ject using the median, and all between-group comparisons were then 
carried out on these subject-level summaries. This design avoids within-
subject dependence and ensures that inferential conclusions are not 
driven by repeated measurements from the same individual.

Group differences between healthy controls and RA patients were 
assessed using both Welch’s two-sample 𝑡-test and the Mann–Whitney 
𝑈 test to account for potential departures from normality and unequal 
variances. Statistical significance was defined at 𝑝 < 0.05. Effect 
sizes were quantified using Cohen’s 𝑑. Thermogram-level analyses are 
reported only for descriptive continuity with earlier thermography 
literature and are not used to support inferential claims.

Multiplicity adjustment was performed using the Benjamini–
Hochberg false discovery rate (BH-FDR) procedure (𝑞 = 0.05). For LZC, 
correction was applied within each protocol across the four encoding 
variants (binary, slope-direction, zero-crossing, multilevel). Because 
PC and BPE were computed directly from the continuous normalized 
raster signal and do not define encoding families in this study, they 
were treated as standalone subject-level comparisons. Holm-Bonferroni 
correction was additionally used as a conservative sensitivity check 
and did not materially alter the qualitative conclusions (see Fig.  3). 
To complement statistical separability with predictive validation, we 
performed Receiver Operating Characteristic (ROC) analysis and fitted 
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univariate logistic regression models using individual complexity de-
scriptors as predictors of RA status. The Area Under the Curve (AUC) 
was computed for each candidate feature. To avoid optimistic bias 
due to repeated thermograms from the same participant, predictive 
evaluation was performed at the subject level using grouped (subject-
wise) validation. Bootstrap confidence intervals and repeated grouped 
cross-validation were used to quantify generalization stability (see Fig. 
4).

All symbolic-encoding parameters are summarized in Table  B.6 in 
Appendix. To ensure methodological transparency and reproducibil-
ity, the full executable pseudocode for the entire pipeline, parameter 
specifications, robustness diagnostics (rasterization and stability), and 
computational-cost benchmarks are provided in Appendices  A–D, with 
additional ablation results in Appendix  E.

3. Results

All primary interpretive conclusions in this section are based exclu-
sively on the protocol-matched subject-level endpoint. Secondary anal-
yses, including traversal robustness, are reported only to assess method-
ological stability and are not intended as alternative performance sum-
maries. All reported AUC values should be interpreted strictly as mea-
sures of feature separability under controlled methodological condi-
tions, rather than as estimates of clinically deployable diagnostic per-
formance.

Unless explicitly stated otherwise, all inferential conclusions in this 
section (statistical significance, multiplicity-adjusted 𝑝-values, effect 
sizes, and ROC–AUC interpretation) refer to subject-level analyses.

Overall, the results showed a clear protocol dependence of
complexity-based discrimination. Under the no-cooling condition, sev-
eral LZC variants (binary, slope-direction, zero-crossing) and PC yielded 
statistically significant but small Healthy-versus-RA differences after 
multiplicity control, with typical effect sizes in the range |𝑑| ≈ 0.23–0.29
and univariate AUC values around 0.57–0.58. In contrast, under cool-
ing, most LZC- and PC-based effects were attenuated, whereas Be-
lief Permutation Entropy (BPE) emerged as the strongest discrimi-
nator, reaching a large effect size (𝑑 ≈ 0.80) and stable univariate 
discrimination (AUC ≈ 0.71; Table  E.12) in Appendix.

Because LZC is defined for symbolic sequences, it is reported across 
the four encoding strategies. In contrast, PC and BPE are computed 
directly from the continuous normalized raster signal and therefore 
appear as single protocol-specific descriptors rather than encoding 
families.

For completeness, full thermogram-level descriptive summaries are 
provided in Appendix Tables  E.10 and E.11, whereas subject-level pre-
dictive validation is summarized in Table  E.12 in Appendix. Secondary 
robustness analyses, including traversal sensitivity and matched-cohort 
comparability, are reported below.

3.1. Predictive validation: Univariate logistic regression

Importantly, the AUC values reported below are not intended to 
represent clinically deployable diagnostic performance. Instead, they 
should be interpreted as comparative descriptors of feature separability 
under controlled methodological conditions.

To complement effect-size reporting with minimal predictive val-
idation, we fitted univariate logistic regression models using single 
complexity features as predictors of RA status. For each candidate 
feature (encoding × metric × protocol), we estimated the model 

log
𝑃 (RA = 1 ∣ 𝑧)
𝑃 (RA = 0 ∣ 𝑧)

= 𝛽0 + 𝛽1𝑧, (8)

where 𝑧 denotes one subject-level aggregated feature.
Predictive performance was evaluated using ROC analysis. The AUC 

and its 95% confidence interval were estimated by bootstrap resam-
pling, and out-of-sample discrimination was quantified using repeated 
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Table 1
Secondary subject-level robustness analysis across raster traversals. This table 
assesses whether selected descriptors preserve their relative discriminative 
ranking under alternative 2D-to-1D traversals. These AUC values are provided 
for robustness assessment only and are not intended to replace the primary 
protocol-matched discrimination results reported in Table  E.12.
 Protocol Encoding Traversal AUC 95% CI  
 No-cooling multilevel row 0.709 [0.662, 0.755] 
 No-cooling multilevel snake 0.693 [0.647, 0.738] 
 Cooling multilevel row 0.684 [0.615, 0.749] 
 Cooling multilevel snake 0.647 [0.580, 0.712] 
 No-cooling BPE row 0.624 [0.578, 0.672] 
 Cooling BPE row 0.551 [0.471, 0.633] 

grouped (subject-wise) stratified 5-fold cross-validation. Grouped vali-
dation was used to ensure that all thermograms from the same partic-
ipant remained within the same fold, thereby preventing subject-level 
information leakage.

Consistent with the inferential analysis, univariate discrimination 
remained modest for most LZC variants and for PC. Under no-cooling, 
the best-performing single-feature models achieved AUC values around 
0.57–0.58. Under cooling, BPE provided the strongest and most stable 
univariate discrimination, reaching AUC values of approximately 0.71 
with consistent bootstrap and grouped cross-validation estimates (Table 
E.12).

Because the aim of this study is methodological validation rather 
than classifier development, the predictive analysis was intentionally 
restricted to lightweight univariate models. This provides an inter-
pretable validation layer while avoiding overfitting and preserving 
direct correspondence with the underlying complexity descriptors.

3.2. Subject-level sensitivity analysis across traversal strategies

As a secondary robustness analysis, we evaluated whether the rela-
tive performance of selected descriptors was preserved under alterna-
tive 2D-to-1D raster traversals. Unlike the primary endpoint, which was 
defined a priori using the row-major traversal on the protocol-matched 
cohort, this analysis was designed specifically to assess traversal sensi-
tivity rather than protocol discrimination.

All analyses in this subsection were recomputed at the subject 
level after median aggregation across thermograms. The key question 
was whether descriptor ranking remained stable when rasterization 
was altered, not whether these alternative traversals improved the 
main classification endpoint. Therefore, the absolute AUC values re-
ported here should not be interpreted as replacements for the primary 
inferential results summarized in Table  E.12.

Overall, the relative ordering of the selected descriptors remained 
qualitatively stable across traversals. In particular, multilevel LZC 
showed relatively small traversal-induced degradation, supporting the 
conclusion that the main findings are not an artifact of the predefined 
row-major mapping.

Accordingly, only Table  E.12 is used for primary interpretation of 
predictive discrimination.

3.3. Traversal robustness

To quantify sensitivity to the 2D → 1D rasterization strategy, 
we compared subject-level discrimination across alternative traversals, 
including row-major and snake ordering, and summarized traversal-
induced changes using absolute AUC differences and ranking consis-
tency (Table  2). Although traversal choice affected absolute feature 
values at the image level, its effect on subject-level class separability 
was limited.

Across the evaluated descriptors, absolute AUC differences remained
small, and the relative ranking of the strongest configurations was 
largely preserved. This indicates that while traversal can influence local 
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(a) Binary coding. Left: No cooling; Right: Cooling.

(b) Slope-direction coding. Left: No cooling; Right: Cooling.

(c) Zero-crossing coding. Left: No cooling; Right: Cooling.

(d) Multilevel threshold coding. Left: No cooling; Right: Cooling.

Fig. 3. Descriptive thermogram-level distributions of normalized Lempel–Ziv complexity computed from four symbolic encoding schemes for Healthy (green) and 
RA (red) groups. For each encoding, the no-cooling condition (left) and the cooling condition (right) are shown. These plots are provided for visual comparability 
with earlier thermography studies only and are not used for primary inference, which is performed at the subject level after within-subject aggregation. The 
stronger overlap under cooling is qualitatively consistent with the attenuation of most LZC-based subject-level effects.
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(a) Binary coding. Left: No cooling; Right: Cooling.

(b) Slope-direction coding. Left: No cooling; Right: Cooling.

(c) Zero-crossing coding. Left: No cooling; Right: Cooling.

(d) Multilevel threshold coding. Left: No cooling; Right: Cooling.

Fig. 4. Auxiliary visualization of encoding-induced changes in ordinal-pattern diversity. Shown are distributions of permutation entropy computed on symbolized 
sequences for the four encoding schemes (Binary, Slope, Zero-crossing, Multilevel), separately for no-cooling (left) and cooling (right). This figure is included 
solely to illustrate how discretization changes ordinal diversity at the symbol-sequence level. It is not part of the primary inferential or predictive pipeline, in 
which permutation complexity (PC) and belief permutation entropy (BPE) are computed directly from the continuous normalized raster signal. This auxiliary 
visualization does not correspond to the primary PC/BPE analysis reported in the manuscript, which is computed directly from the continuous normalized raster 
signal. It is shown only to illustrate how symbolic discretization alters ordinal diversity at the encoded-sequence level.
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Table 2
Traversal stability analysis: absolute AUC differences and ranking consistency.
 Encoding |𝛥AUCrow-snake| Spearman 𝜌 Interpretation 
 multilevel 0.037 0.81 stable  
 binary 0.021 0.76 stable  
 BPE 0.028 0.79 stable  

Table 3
Comparison of discriminative performance between full and matched cohorts.
 Protocol Encoding 𝛥AUC (Matched−Full) Interpretation 
 No-cooling multilevel 0.012 negligible  
 Cooling multilevel −0.018 negligible  
 No-cooling BPE 0.009 negligible  
 Cooling BPE −0.015 negligible  

ordinal structure numerically, it does not materially alter the principal 
study conclusions regarding protocol dependence and encoding sensi-
tivity. This stability likely stems from the fact that RA-related thermal 
heterogeneity is spatially distributed, making its information-theoretic 
signature detectable regardless of the specific 1D mapping path.

3.4. Matched-cohort analysis and protocol comparability

To address the possibility that incomplete cooling sequences could 
introduce protocol-related selection bias, we repeated the protocol-
comparison analysis on a matched cohort containing only subjects 
with valid data under both no-cooling and cooling conditions. This 
ensures that protocol effects are evaluated within a directly comparable 
participant set.

Comparison between the full and matched cohorts showed only 
minimal changes in discrimination metrics (Table  3), indicating that 
the protocol-dependent trends are not driven by availability bias. We 
additionally verified that the proportion of excluded recordings was 
comparable between Healthy and RA groups, further supporting that 
the observed cooling-related changes reflect protocol effects rather than 
cohort composition differences.

3.5. Tie-aware entropy analysis

Because permutation-based descriptors are computed on 1D raster-
ized signals, whereas tie prevalence is a spatial property, we estimate 
near-ties directly in the native 2D ROI. This ensures that the reported 
prevalence reflects true spatial adjacency rather than traversal-induced 
ordering.

Belief permutation entropy (BPE) was evaluated using a tie-aware 
formulation that analytically accounts for ordinal ambiguity without 
requiring explicit deterministic tie-breaking. This property is particu-
larly relevant in thermographic data, where cooling may increase local 
ordinal ambiguity due to spatial regularization and sensor quantization.

To support this interpretation, we quantified near-tie prevalence 
using the same adaptive tolerance as in the BPE definition, 𝜖 = 10−3 ⋅
IQR(𝑠∗). At the subject level, the median proportion of near-tied 2D 
adjacent pixel pairs was comparable between protocols (no-cooling: 
40.87%, cooling: 40.51%; Mann–Whitney 𝑝 = 0.20; Table  4), indicating 
that cooling did not materially increase the overall frequency of near-
equal spatial values. Although modest group-specific differences in 
near-tie prevalence were observed, they were not consistently aligned 
with the protocol-dependent change in discriminative performance, 
supporting the interpretation that BPE sensitivity is driven primarily 
by ordinal uncertainty structure rather than raw tie frequency alone. 
The lack of statistical significance indicates that any protocol-related 
differences in tie prevalence are small relative to inter-subject variabil-
ity and are unlikely to explain the observed change in discriminative 
performance.
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Table 4
Subject-level near-tie prevalence in native 2D ROIs. Near-ties were defined 
as 4-neighborhood adjacent pixel pairs satisfying |𝑝𝑖 − 𝑝𝑗 | < 𝜖, with 𝜖 =
10−3 ⋅IQR(𝑠∗). Values are medians with interquartile ranges (IQR) after subject-
level aggregation.
 Protocol Group 𝑛 subjects Near-tie 1D [%] Near-tie 2D [%] 
 Cooling Healthy 101 34.04 (6.32) 40.49 (4.90)  
 Cooling RA 101 36.09 (7.42) 40.65 (6.76)  
 No-cooling Healthy 292 36.63 (7.59) 41.70 (6.62)  
 No-cooling RA 187 34.51 (6.89) 39.16 (7.10)  

This result suggests that the superior performance of BPE under 
cooling is not driven by a simple increase in tie prevalence, but rather 
by its ability to represent ordinal uncertainty in spatially regularized 
thermal fields, where small local differences become less informative 
despite similar tie frequency.

This result further supports the interpretation that BPE robustness 
under cooling is related to ordinal uncertainty representation rather 
than raw tie prevalence alone.

The relative advantage of BPE persisted across both deterministic 
and randomized tie-breaking strategies applied to permutation com-
plexity. Although randomized jitter slightly altered absolute PC values, 
it did not change the qualitative ranking of descriptors. This confirms 
that the observed performance difference is not attributable to im-
plementation artifacts, but reflects a fundamental difference in how 
ordinal uncertainty is represented in the presence of near-equal values.

In the primary protocol-matched subject-level analysis, BPE emerged
as the strongest discriminator under cooling, whereas PC remained 
comparatively weak. To ensure that this advantage was not an arti-
fact of the default PC implementation, we additionally recomputed 
permutation complexity under randomized tie-breaking by adding a 
small i.i.d. jitter proportional to the tolerance 𝜖. Across repeated 
realizations, absolute PC values changed slightly, but the qualitative 
ranking of descriptors remained unchanged and BPE retained superior 
discrimination under cooling.

These findings support the interpretation that BPE’s advantage re-
flects robustness to tie-induced ambiguity rather than an implementa-
tion artifact. By explicitly representing ordinal uncertainty instead of 
forcing artificial rank distinctions, BPE preserves diagnostically rele-
vant structure when thermal fields become more homogeneous.

These observations motivate the interpretation developed in the 
Discussion, where we argue that ordinal uncertainty representation, 
rather than tie frequency alone, is the primary driver of BPE robustness 
under cooling.

4. Discussion

The present study demonstrates that the diagnostic utility of ther-
mographic complexity measures in rheumatoid arthritis depends
strongly on both the symbolic encoding strategy and the acquisi-
tion protocol. Across the evaluated descriptors, encoding choice sub-
stantially influenced the degree to which spatial thermal heterogene-
ity remained discriminative, while protocol-dependent cooling altered 
the structure of the thermal field in a way that changed the rela-
tive utility of algorithmic and ordinal complexity measures. Rather 
than proposing a stand-alone clinical classifier, this work provides a 
methodological evaluation of how information-theoretic descriptors 
behave under realistic thermographic acquisition conditions. Impor-
tantly, all inferential and predictive conclusions emphasized in this 
study are based on subject-level analyses, whereas thermogram-level 
summaries are retained only as descriptive material for comparability 
with earlier thermography literature. In contrast to data-driven deep 
learning approaches, the proposed framework provides interpretable, 
low-complexity descriptors with minimal data requirements.
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4.1. Encoding choices and diagnostic resolution

Our results confirm that the choice of symbolic encoding materially 
influences the discriminative power of complexity features by either 
preserving or discarding the amplitude hierarchy within the thermal 
field. Specifically, magnitude-preserving discretizations, such as mul-
tilevel thresholding, retain spatial structures that may be suppressed 
by coarse binarization or purely directional (slope) coding. This un-
derscores the necessity of selecting an alphabet size and quantization 
strategy that are commensurate with the subtle thermal gradients 
(0.1–0.3 ◦C) characteristic of synovial inflammation [15,25].

4.2. Thermophysiological interpretation and the cooling effect

From a thermophysiological perspective, the analyzed complexity 
measures quantify changes in the spatial heterogeneity of the thermal 
field, which may indirectly reflect microvascular and inflammatory pro-
cesses in RA. However, these descriptors should be interpreted as statis-
tical markers of heterogeneity rather than direct maps of metabolism or 
synovitis. Our focus on heterogeneity is consistent with recent findings 
by Tan and Thumboo [33], who demonstrated that thermographic 
assessment can reflect active synovitis even in clinically quiescent joints 
where structural damage is not yet predominant.

In our data, cooling regularized the spatial temperature patterns 
and reduced the discriminative contrast of most LZC variants and 
PC, consistent with the attenuation of most subject-level group dif-
ferences under cooling, with thermogram-level descriptive summaries 
provided in Appendix Table  E.11. This suggests that while structure-
based approaches, such as hybrid segmentation of X-ray images [25], 
focus on permanent bone changes, thermal signals are highly sensitive 
to the immediate acquisition environment. In contrast, BPE retained 
sensitivity under cooling, indicating that evidence-theoretic handling 
of ties and near-equal temperatures can preserve informative ordinal 
structure when the thermal field becomes more homogeneous and 
sensor quantization effects become more pronounced.

The present results indicate that cooling does not primarily increase 
the global frequency of ties, but instead alters their spatial organization. 
Specifically, cooling induces locally homogeneous regions in which 
temperature gradients are reduced and ordinal relationships become 
less stable. In such regimes, deterministic permutation-based methods 
may introduce spurious variability due to unstable ranking, whereas 
BPE remains robust by explicitly modeling ordinal uncertainty. This 
distinction between tie frequency and spatial organization provides a 
more precise explanation for the observed protocol-dependent behavior 
of permutation-based descriptors.

Notably, under no-cooling conditions the thermal field exhibits 
higher baseline contrast, and BPE’s conservative uncertainty penalty 
adds limited discriminative information under baseline conditions (Ap-
pendix Table  E.10). Under cooling, BPE emerges as the dominant 
discriminator despite the absence of a global increase in near-tie preva-
lence (Table  4). This suggests that cooling may alter the spatial or-
ganization and local informativeness of near-equal values rather than 
simply increasing their overall frequency. This interpretation is consis-
tent with the primary subject-level results and the thermogram-level 
descriptive trend shown in Appendix Table  E.11.

4.3. Belief permutation entropy: Handling uncertainty and noise

Our results provide critical insights into the role of BPE in address-
ing sensor-related limitations. Unlike traditional permutation entropy, 
which forces a strict ranking even in the presence of ties, BPE utilizes 
Deng’s entropy to explicitly penalize uncertainty. By distributing prob-
ability mass across focal sets, the algorithm accounts for the ‘‘ties’’ and 
quantization noise inherent in infrared sensors with limited thermal 
resolution. This transition from a purely probabilistic to an evidence-
theoretic framework [19] allows the complexity analysis to remain 
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informative even when spatial regularization under cooling increases 
the prevalence of near-equal temperatures. In our data, this tie-aware 
treatment proved critical: while BPE was less informative under base-
line conditions due to a lower incidence of ties, it emerged as the 
dominant discriminator under cooling stress (𝑑 ≈ 0.80). In this scenario, 
protocol-induced regularization increases the prevalence of near-equal 
temperatures, making BPE’s evidence-theoretic handling of ties es-
sential for preserving discriminative ordinal structures. This behavior 
should not be interpreted as a loss of sensitivity, but as methodological 
robustness: by penalizing tie-induced ambiguity, BPE avoids inflating 
apparent ordinal diversity due to noise, capturing instead the stable 
underlying spatial heterogeneity [19,31].

4.4. Clinical implications and comparison with texture analysis

Our findings align with previous research highlighting the value 
of entropy-based descriptors in rheumatology [24]. However, our re-
sults indicate that algorithmic and ordinal complexity measures pro-
vide complementary discrimination to classical texture descriptors 
(e.g., GLCM features reported in related thermography studies), partic-
ularly when symbolic encoding preserves the amplitude structure [25]. 
The proposed framework is best viewed as a methodological evaluation 
of encoding-dependent robustness rather than a ready-to-deploy diag-
nostic classifier. Under baseline conditions, the strongest single-feature 
effects remain modest (AUC ≈ 0.57–0.58), which limits stand-alone 
clinical utility. However, under cooling, BPE provides a robust univari-
ate marker (AUC ≈ 0.71). This performance is particularly encouraging 
given that infrared thermography has recently been shown to correlate 
with subclinical Power Doppler synovitis even in joints that are not 
yet symptomatic [33]. Future work should integrate these descriptors 
into multivariate models to assess incremental value beyond established 
thermographic indices. Our finding that BPE under cooling stress 
provides a robust univariate marker aligns with the broader trend 
of developing energy-efficient digital biomarkers for decentralized 
rheumatological screening and point-of-care monitoring [2,34].

From a translational perspective, the proposed descriptors are com-
putationally lightweight and can be extracted on standard CPU hard-
ware without specialized acceleration, supporting their potential use 
in near-real-time thermographic screening workflows. However, they 
should currently be interpreted as complementary image-derived
biomarkers quantifying spatial thermal heterogeneity, rather than sub-
stitutes for established rheumatological assessment tools such as DAS28,
serological markers, or ultrasound. Their most plausible short-term role 
is as quantitative features within multimodal decision-support pipelines 
or longitudinal monitoring settings. Because these measures are com-
puted directly from segmented thermograms within seconds per image 
and do not require model training, they are highly compatible with 
lightweight post-acquisition workflows. Unlike established intensity-
based thermographic indices that quantify overall inflammatory burden 
through temperature distributions, the proposed complexity descriptors 
offer a distinct perspective by characterizing the spatial organization of 
the thermal field.

In practical terms, these descriptors are most naturally positioned as 
complementary features within thermographic workflows, for example 
in screening support, longitudinal monitoring of thermal heterogeneity, 
or protocol-sensitivity assessment rather than as stand-alone diagnostic 
tools.

Although the present study focuses on classification-oriented sepa-
rability, the proposed complexity descriptors are not limited to binary 
discrimination. They may also be applicable to unsupervised settings 
such as clustering, anomaly detection, or longitudinal monitoring of 
thermal heterogeneity, which could provide additional insight into 
disease progression and treatment response.
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5. Limitations

The study should be viewed as a methodological feasibility study 
rather than a definitive clinical validation. First, the cohort size was 
moderate and derived from a single-center acquisition setting, which 
may limit generalizability to broader and more heterogeneous popula-
tions, including different disease stages, treatment profiles, comorbidi-
ties, and demographic backgrounds. Although some effect sizes under 
cooling were substantial, external validation on larger, multi-center 
cohorts is required before any translational claims can be made. More-
over, the case-control design may overestimate apparent separability 
compared to real-world diagnostic settings involving heterogeneous 
differential diagnoses.

Second, the analysis relied on predefined parameter settings, includ-
ing the multilevel quantization scheme and the embedding/tolerance 
parameters used for permutation-based descriptors. These settings were 
selected to ensure methodological consistency and avoid cohort-specific 
optimization, but alternative parameterizations may yield different ab-
solute values. Although the supplementary sensitivity analysis showed 
that the qualitative ranking of descriptors remained stable, a more 
exhaustive hyperparameter study remains an important direction for 
future work.

Third, we focused specifically on baseline and cooling conditions 
and did not model potentially relevant clinical or physiological mod-
ifiers such as medication status, disease duration, vascular comorbidi-
ties, or peripheral circulation.

A further methodological limitation concerns the raster vectoriza-
tion of thermograms. Although the validation analysis in Section 2.3 
showed that row-transition artifacts are negligible and the traversal-
robustness analysis preserved the qualitative ranking of descriptors, 1D 
vectorization still simplifies the native 2D topology of the thermal field. 
Future work should therefore explore 2D symbolic dynamics, graph-
based formulations, or patch-wise complexity measures that operate 
directly on spatial domains.

Finally, although predictive validation was included through ROC 
analysis and univariate logistic regression, these results reflect only 
single-feature discrimination and should not be interpreted as a clin-
ically deployable classifier. A larger prospective multi-center study 
will be required to establish clinically meaningful thresholds and to 
determine whether the proposed descriptors provide incremental value 
beyond established thermographic and rheumatological markers.

We did not assess probability calibration (e.g. Brier score or calibra-
tion curves), because the predictive component is intentionally limited 
to univariate discrimination (ROC–AUC) for methodological validation 
rather than clinical decision support.

Another limitation is that the present study was designed as a 
case-control discrimination analysis and did not evaluate correlations 
between complexity descriptors and established clinical disease-activity 
markers such as DAS28, CRP, RF, or ACPA. Consequently, the reported 
features should currently be interpreted as group-level discrimina-
tive descriptors rather than validated surrogates of clinical disease 
activity. Future studies should explicitly investigate whether these ther-
mographic complexity measures track inflammatory burden, treatment 
response, or subclinical disease progression.

The response to the cooling protocol may also be influenced by 
subject-specific vascular and thermoregulatory factors beyond RA sta-
tus itself, including baseline skin temperature, peripheral circulation, 
and vasoreactivity. Although the protocol was standardized and all 
recordings met predefined thermal-response criteria, such factors may 
contribute to residual variability in post-cooling thermal heterogeneity 
and should be explicitly modeled in future studies.
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6. Conclusions

The present results show that the diagnostic value of information-
theoretic complexity measures in hand thermography for rheumatoid 
arthritis is strongly shaped by both symbolic encoding design and the 
acquisition protocol. Under no-cooling conditions, several LZC variants 
and permutation complexity provided statistically significant but weak 
subject-level discrimination, indicating that some spatial heterogeneity 
differences are detectable at baseline but remain modest in magni-
tude. Under cooling, most LZC- and PC-based effects were attenuated, 
consistent with protocol-induced regularization of the thermal field.

In contrast, belief permutation entropy emerged as the strongest 
and most stable discriminator under cooling, supporting the use of 
tie-aware evidence-theoretic ordinal analysis when ties and near-ties 
become prevalent. These findings indicate that the main determinant 
of complexity-based thermographic performance is not the complexity 
metric alone, but the interaction between encoding choice, ordinal 
uncertainty handling, and acquisition protocol.

From a methodological perspective, the proposed features are com-
putationally lightweight and reproducible, making them suitable as 
complementary biomarkers in future thermography-based decision-
support pipelines. Future work should focus on multimodal integration, 
external multicenter validation, and correlation with established clin-
ical activity markers to determine the translational value of these 
descriptors in rheumatoid arthritis screening and monitoring.

These findings should be interpreted as methodological evidence 
of how encoding strategy and ordinal uncertainty modeling influ-
ence complexity-based descriptors, rather than as a demonstration of 
clinically sufficient standalone diagnostic performance. The reported 
discrimination levels reflect subtle differences in spatial thermal hetero-
geneity and are intended primarily to support comparative evaluation 
of feature behavior under controlled acquisition protocols.

The additional near-tie analysis further indicates that this advantage 
is not explained by a global increase in near-tie frequency under 
cooling, but is more plausibly related to BPE’s explicit representation 
of ordinal uncertainty in spatially regularized thermal patterns.
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Appendix A. Algorithmic details and pseudocode

This appendix provides an executable pseudocode for all steps used 
in the study. Each algorithm lists inputs, outputs, default parameters, 
and computational complexity.
Algorithm 1: A1. Thermography-to-Complexity Pipeline
Input: Thermogram 𝑥 ∈ R𝐻×𝑊 , mask 𝑀 , encoder 𝑓 (⋅), parameters 

(𝑚, 𝜏, 𝜖)
Output: Feature vector 𝐳
Output definition: 𝐳 = [LZC,PCnorm, ℎBPE];
Preprocess: optional denoising/brightness normalization; hand 
segmentation to obtain 𝑀 (per Sec. Image processing);
A1. 𝑥 ← 𝑥 ⊙𝑀 // apply mask A2. 𝑠 ← vec(𝑥 ⊙𝑀)
// row-major vectorization of ROI pixels, length 
𝐿ROI A3. 𝑠̃ ← 𝑓 (𝑠) // choose one of Algorithms A2 
encoders A4. LZC ← LZC_normalized(𝑠̃) // Algorithm A3 
A5. PCnorm ← PermutationComplexity(𝑠;𝑚, 𝜏) // Algorithm A4 
A6. ℎBPE ← BeliefPermutationEntropy(𝑠;𝑚, 𝜏, 𝜖) // Algorithm 
A5 Return 𝐳;
Complexity: vectorization 𝑂(𝐻𝑊 ); encoding 𝑂(𝐿); LZC 𝑂̃(𝐿); 
PC/BPE 𝑂(𝐿) for fixed (𝑚, 𝜏).

Algorithm 2: A2. Symbolic Encoders 𝑓 (⋅)
Input: Signal 𝑠 ∈ R𝐿ROI ; thresholds 𝛩 for multilevel
Output: 𝑠̃ ∈ 𝐿ROI

Binary: 𝑠̃𝑡 = I[ 𝑠𝑡 ≥ median(𝑠) ],  = {0, 1};
Slope-direction: 𝑠̃𝑡 = sign(𝑠𝑡 − 𝑠𝑡−1) ∈ {−1, 0, 1}, with 𝑠̃1 = 0;
Zero-crossing (mean-threshold): set baseline 𝑠̄ = 1

𝐿ROI

∑𝐿ROI
𝑡=1 𝑠𝑡;

𝑠̃𝑡 = I[ 𝑠𝑡 ≥ 𝑠̄ ],  = {0, 1}.
Multilevel: 𝑠̃𝑡 = 𝑘 if 𝛩𝑘−1 ≤ 𝑠𝑡 < 𝛩𝑘 for 𝑘 = 1,… , 𝐾 (e.g., Otsu or 
empirical quantiles);
Complexity: 𝑂(𝐿) (or 𝑂(𝐿 log𝐾) if thresholds found via search).

Algorithm 3: A3. Normalized Lempel–Ziv Complexity (LZC)
Input: Symbolic sequence 𝑠̃ ∈ 𝐿, alphabet size 𝛼 = ||

Output: 𝑐𝛼(𝑠̃) ∈ [0, 1]
𝐶 ← 1; 𝑖 ← 1; 𝑘 ← 1;
while 𝑖 + 𝑘 ≤ 𝐿 do

if 𝑠̃[𝑖 ∶ 𝑖 + 𝑘] not seen in 𝑠̃[1 ∶ 𝑖 − 1] then
𝐶 ← 𝐶 + 1; 𝑖 ← 𝑖 + 𝑘; 𝑘 ← 1;

else
𝑘 ← 𝑘 + 1; if 𝑖 + 𝑘 > 𝐿 then

𝐶 ← 𝐶 + 1; break;

𝑐𝛼(𝑠̃) =
𝐶

𝐿∕ log𝛼 𝐿
;

Complexity: 𝑂̃(𝐿) with hashing/suffix structures (near linear in 
practice).

Algorithm 4: A4. Permutation Complexity (PC)
Input: 𝑠 ∈ R𝐿; embedding dimension 𝑚; delay 𝜏
Output: PCnorm ∈ [0, 1]
𝑁 ← 𝐿 − (𝑚 − 1)𝜏; initialize counts ℎ(𝜋) = 0 for all 𝜋 ∈ 𝑆𝑚;
for 𝑗 = 1 to 𝑁 do

𝐯 ← (𝑠𝑗 , 𝑠𝑗+𝜏 ,… , 𝑠𝑗+(𝑚−1)𝜏 );
Obtain permutation 𝜋 by ranking 𝐯 with deterministic tie-break 
(e.g., by index);

ℎ(𝜋) ← ℎ(𝜋) + 1;
𝑝(𝜋) = ℎ(𝜋)∕

∑

𝜋 ℎ(𝜋); PC = −
∑

𝜋 𝑝(𝜋) log 𝑝(𝜋); PCnorm = PC∕ log(𝑚!);
Complexity: 𝑂(𝑁 𝑚 log𝑚); for small 𝑚 this is linear in 𝐿.

Appendix B. Parameter specification and reproducibility tables
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Algorithm 5: A5. Belief Permutation Entropy (BPE)
Input: 𝑠 ∈ R𝐿; (𝑚, 𝜏); tie tolerance 𝜖
Output: ℎBPE ∈ [0, 1]
Initialize counts for focal sets 𝐴 ⊆ 𝑆𝑚;
for 𝑗 = 1 to 𝐿 − (𝑚 − 1)𝜏 do

𝐯 ← (𝑠𝑗 ,… , 𝑠𝑗+(𝑚−1)𝜏 );
Cluster components so that |𝑣𝑎 − 𝑣𝑏| < 𝜖 ⇒ same cluster;
Derive the set 𝐴 of permutations consistent with the partial 
order induced by clusters;

𝑛(𝐴) ← 𝑛(𝐴) + 1;
𝑚(𝐴) = 𝑛(𝐴)∕

∑

𝐴 𝑛(𝐴);
𝐻BPE = −

∑

𝐴 𝑚(𝐴) log
(

𝑚(𝐴)∕(2|𝐴| − 1)
)

; ℎBPE = 𝐻BPE∕ log(𝑚!);
Complexity: 𝑂(𝐿) for fixed 𝑚, 𝜏; enumeration of 𝐴 is small for 𝑚 ≤ 5.

Algorithm 6: A6. Statistical Testing and Effect Size
Input: Features {𝐳𝑖} from groups: Healthy (H), RA
Output: 𝑝-values (Welch 𝑡, Mann–Whitney 𝑈), Cohen’s 𝑑
for each measure ∈ {LZC, PCnorm, ℎBPE} and each encoder do

Compute Welch two-sample 𝑡-test and Mann–Whitney 𝑈 test;
𝑑 =

𝜇RA − 𝜇H
√

𝜎2RA+𝜎
2
H

2

;

Store mean±SD, 𝑝-values, and 𝑑;
Complexity: 𝑂(𝑁) per measure/encoder.

Reproducibility checklist
To facilitate reproducibility, the following elements are fully speci-

fied:

• Data preprocessing and ROI extraction (Section 2.2)
• 2D-to-1D mapping strategy and validation (Section 2.3)
• Symbolic encoding schemes and parameters (Appendix Table  B.6)
• Complexity computation algorithms (Algorithms A1–A5)
• Statistical testing, multiplicity correction, and predictive valida-
tion (Statistical Analysis and Predictive Validation subsection)

• Predictive validation protocol (Section 3.2)
• Computational cost and implementation details (Appendix  D)
• Random seed control and aggregation strategy (subject-level me-
dian pooling)

All computations are deterministic given the specified parameters, 
except for randomized tie-breaking sensitivity analysis, where results 
are averaged over repeated realizations.

Appendix C. Rasterization validation/robustness

Resampling-based generalization assessment

To quantify the stability of thermogram-level (image-level) descrip-
tive separability reported for comparability with prior work, we report 
95% confidence intervals for Cohen’s 𝑑 using the large-sample vari-
ance (Hedges-Olkin) with image counts (Healthy 𝑛=291, RA 𝑛=186). 
The AUC-equivalent discrimination is obtained through normal-score 
mapping ÂUC = 𝛷(𝑑∕

√

2); CIs for ÂUC are calculated by transform-
ing the 𝑑-CI endpoints. This provides a distributional, resampling-free 
assessment of stability at the effect-size level. As an optional sanity 
check, we outline repeated stratified subsampling (80/20 split, 100 
repeats) on single-feature inputs; however, our primary claims rely 
on effect sizes and their CIs. Using a geometry-based diagnostic, the 
fraction of adjacency edges attributable to row-boundary jumps in 
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Table B.5
Parameters used in the analysis and default settings. Note: ‘‘multilevel’’ in Section 3 refers to the fourth encoding 
configuration evaluated in the traversal-robustness analysis and does not indicate a different alphabet size; all 
multilevel encodings used 𝐾 = 5 quantization levels as specified above.
 Category/Parameter Value  
 Data and vectorization
 Image resolution raw thermograms: 320 × 240 pixels (no spatial resizing applied) 
 Vector length 𝐿ROI number of ROI pixels after masking (variable across images)  
 Rasterization row-wise (raster scan)  
 Encoders
 Binary threshold global median of 𝑠  
 Slope-direction alphabet {−1, 0, 1} (diff with prepend)  
 Zero-cross baseline sample mean 𝑠̄; 𝑠̃𝑖 = I[ 𝑠𝑖 ≥ 𝑠̄ ]  
 Multilevel thresholds 𝐾 = 5; empirical quintiles (20/40/60/80%)  
 Complexity measures
 LZC normalization 𝑐 = 𝐶∕

(

𝐿ROI∕ log𝛼 𝐿ROI
)

, 𝛼 = ||  
 PC parameters embedding 𝑚 = 5, delay 𝜏 = 1, normalization by log(𝑚!)  
 BPE parameters 𝑚 = 5, 𝜏 = 1, tie tolerance 𝜖 = 10−3 ⋅IQR(𝑠)  
 Statistical analysis
 Tests Welch 𝑡, Mann–Whitney 𝑈  
 Effect size Cohen’s 𝑑  
Table B.6
Complete list of parameters used for symbolic encoding and complexity computation (reproducibility specification).
 Parameter Value/Definition  
 Image normalization 𝑠∗ = (𝑠 − min 𝑠)∕(max 𝑠 − min 𝑠)  
 Vector length 𝐿ROI number of ROI pixels after masking (variable across images); e.g., up to 320 × 240 for full frame 
 Binary encoding
 Threshold global median of 𝑠∗  
 Alphabet {0, 1}  
 Slope-direction encoding
 Rule sign(𝑠∗𝑖+1 − 𝑠∗𝑖 )  
 Alphabet {−1, 0, 1}  
 Zero-crossing encoding
 Baseline sample mean 𝑠̄  
 Rule 𝑠̃𝑖 = I[ 𝑠𝑖 ≥ 𝑠̄ ]  
 Alphabet {0, 1} (below/above mean)  
 Multilevel encoding
 Number of levels 𝐾 5  
 Thresholds empirical quantiles 𝑡𝑘 = 𝑄(𝑘∕𝐾), 𝑘 = 0,… , 𝐾  
 Mapping rule 𝑡𝑘−1 ≤ 𝑠∗𝑖 < 𝑡𝑘 ⇒ 𝑠̃𝑖 = 𝑘, 𝑘 = 1,… , 𝐾  
 Alphabet size 𝛼 𝐾 = 5  
 Lempel–Ziv complexity
 Normalization 𝑐 = 𝐶∕(𝐿ROI∕ log𝛼 𝐿ROI)  
 Permutation complexity (PC)
 Embedding dimension 𝑚 5  
 Delay 𝜏 1  
 Normalization 𝑃𝐶∕ log(𝑚!)  
 Belief permutation entropy (BPE)
 Embedding dimension 𝑚 5  
 Tie tolerance 𝜖 10−3 ⋅ IQR(𝑠∗)  
 Entropy Deng’s entropy: 𝐻BPE = −

∑

𝐴 𝑚(𝐴) log2
(

𝑚(𝐴)
2|𝐴|−1

)

 

raster scanning was 0.1562% (median; IQR 0.0000) in both proto-
cols (Table  C.7), i.e., well below 0.5%. This confirms that the raster 
boundary introduces a negligible proportion of artificial adjacencies 
compared to the total number of 4-neighborhood adjacencies inside the 
ROI. Subject-level confidence intervals are reported in Section 3.4 and 
Table  1. The traversal-robustness subset was intentionally restricted to 
a reduced feature set and should not be interpreted as a comparative 
ranking benchmark across all descriptors. Therefore, the induced 1D 
representation preserves the statistical structure relevant for complexity 
measures without introducing measurable bias. Note that the AUC 
values reported in this robustness analysis are not directly comparable 
to the primary protocol-matched results presented in Table  E.12. The 
robustness analysis is based on a reduced feature set and serves only 
to assess the stability of descriptor ranking under alternative traversal 
strategies, rather than to provide primary estimates of classification 
performance.
13 
Justification of raster vectorization
Although thermograms are inherently two-dimensional, all com-

plexity measures examined in this study (LZC, PC, BPE) are defined 
for symbolic one-dimensional sequences. Consequently, a deterministic 
traversal of the image domain is required. We used standard row-wise 
raster scanning, which preserves all pixel intensities and maintains 
local adjacency along a continuous space-filling path. This approach 
is widely adopted in complexity-based image analysis, including LZC 
studies on radiographs and ultrasound B-mode textures. Because ther-
mal images exhibit smooth spatial gradients and large size (320 × 240), 
the potential boundary effects at row transitions represent less than 
0.4% of the total sequence length and therefore negligibly influence 
the resulting symbolic dynamics. For completeness, we also evaluated 
a patch-based alternative (non-overlapping 8 × 8 blocks encoded in-
dependently using the same symbolic scheme). The resulting effect 
sizes (Healthy versus RA) were consistent with the raster-based results 
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Table C.7
Quantitative diagnostics of robustness of 2D-to-1D mapping across traversal strategies. Values are reported as cohort medians 
with interquartile ranges (IQR) across images.
 Diagnostic No-cooling Cooling  
 Row-boundary adjacency share (2D) [%] 0.1562 (IQR: 0.0000) 0.1562 (IQR: 0.0000)  
 Spearman 𝜌 (row vs column) for PC and BPE (cohort-level) 0.251 0.197  
 Jensen–Shannon divergence of ordinal-pattern histograms 
(row vs column)

0.01812 (IQR: 0.01216) 0.02001 (IQR: 0.01320) 
Table D.8
Runtime and memory per image (prototype single-threaded Python implemen-
tation).
 Encoder Time [ms/img] Peak mem [MB] Asymptotic (time/mem) 
 Binary 9664.35 63.29 𝑂(𝐿)/𝑂(1)  
 Slope 4951.43 0.35 𝑂(𝐿)/𝑂(1)  
 Zero-crossing 10415.23 0.35 𝑂(𝐿)/𝑂(1)  
 Multilevel (𝐾=5) 7369.18 0.36 𝑂(𝐿+𝐾)/𝑂(1)  
Notes. (i) Times reflect a pure-Python, single-pass reference; vectorized/C-accelerated 
implementations are expected to be an order of magnitude faster while preserving 
linear time in the raster length 𝐿 = 𝐻 × 𝑊 . (ii) The elevated peak for Binary likely 
stems from prototype-level allocation/measurement (e.g., missing per-image reset of
tracemalloc); other encoders show the expected sub-MB footprint dominated by 
the image buffer.

and preserved the same qualitative conclusions regarding protocol 
dependence and encoding sensitivity. These findings support the notion 
that raster vectorization does not materially bias the conclusions.

Appendix D. Efficiency and computational cost

Efficiency analysis: time, memory and algorithmic complexity

We report wall-clock time per image and peak memory for each 
encoder, together with asymptotic costs. All analyses were performed in 
Python 3.12.4 using the SciPy 1.13.1 and NumPy 1.26.4 libraries. Val-
ues are medians across all images (single-threaded reference implemen-
tation). The reported timings include diagnostic overhead (e.g., mem-
ory tracing) and are not indicative of optimized implementations.

The reported runtimes correspond to a prototype single-threaded 
reference implementation intended to document algorithmic order-of-
growth rather than optimized performance. Absolute wall-clock times 
may be inflated by Python-level overhead or profiling instrumentation 
(e.g., memory tracing). Accordingly, the key reproducibility result is the 
linear dependence on the ROI raster length 𝐿ROI for fixed embedding 
parameters (𝑚, 𝜏), rather than the absolute timing values.

Multilevel encoding introduces only a minor overhead relative to 
binary and slope encodings, with all methods remaining effectively 
linear-time in image size. Memory usage is dominated by the raster 
buffer and remains below 1 MB for all encoders.

Appendix E. Additional results

Ablation study: Effect-size and AUC-proxy benchmarking

To quantify the relative contribution of protocol choice and feature 
definition to group discrimination, we performed a lightweight ablation 
analysis based on standardized effect sizes. For each feature, we report 
Cohen’s 𝑑 (Tables  E.9–E.11) and its corresponding AUC proxy using the 
Gaussian-score mapping 

ÂUC = 𝛷

(

|𝑑|
√

2

)

, (E.1)

where 𝛷(⋅) denotes the standard normal cumulative distribution func-
tion. This mapping provides an interpretable link between separability 
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Table E.9
Ablation summary using effect sizes (𝑑) and AUC proxy ÂUC = 𝛷(|𝑑|∕

√

2).
 Protocol Feature |𝑑| ÂUC  
 No-cooling PC 0.289 0.581 
 No-cooling LZC_zero_cross 0.269 0.576 
 No-cooling LZC_slope 0.267 0.575 
 No-cooling LZC_binary 0.233 0.565 
 No-cooling LZC_multilevel 0.191 0.554 
 No-cooling BPE 0.011 0.503 
 Cooling BPE 0.795 0.713 
 Cooling LZC_zero_cross 0.340 0.595 
 Cooling LZC_multilevel 0.251 0.571 
 Cooling LZC_slope 0.165 0.546 
 Cooling LZC_binary 0.140 0.539 
 Cooling PC 0.089 0.525 

and expected ROC performance in the univariate setting. The ablation 
results show that under no-cooling conditions, the strongest single-
feature discriminators remain weak (typical ÂUC ≈ 0.56–0.58), with 
PC and LZC computed from slope/zero-crossing encodings yielding 
the highest separability. Under cooling stress, most LZC-based effects 
are attenuated, while BPE becomes dominant, reaching ÂUC ≈ 0.71, 
consistent with the ROC–AUC estimates in Table  E.12.

Parameter sensitivity analysis

To assess robustness to parameterization, we performed additional 
analyses under small perturbations of key parameters. For BPE, embed-
ding dimensions 𝑚 ∈ {4, 5} and tolerance values 𝜖 ∈ {5 × 10−4, 10−3, 2 ×
10−3} ⋅ IQR(𝑠∗) were evaluated. For multilevel encoding, the number 
of quantization levels was varied (𝐾 ∈ {4, 5, 6}). Across these settings, 
absolute feature values varied modestly, but the qualitative ranking 
of descriptors remained unchanged. Under cooling conditions, BPE 
consistently provided the strongest discrimination, confirming that the 
main conclusions are not driven by specific parameter choices. In 
particular, no alternative setting reversed the main protocol-dependent 
conclusion that BPE is the strongest descriptor under cooling.

Hardware/software requirements and cost

Acquisition hardware. Infrared camera as described in Methods 
(FLIR E60bx, 320 × 240). No special compute hardware during acqui-
sition.

Compute. CPU-only; no GPU required. All feature computations are 
linear in the ROI raster length 𝐿ROI for fixed (𝑚, 𝜏); in a prototype 
single-threaded Python implementation this corresponds to seconds per 
image on a standard laptop/desktop (e.g., 4-8 cores, ≥8GB RAM), 
while vectorized or compiled implementations are expected to reduce 
runtime substantially without changing the asymptotic cost.

Software. Open-source Python stack (NumPy, SciPy, matplotlib). 
No paid licenses are required to reproduce the analysis.

Data availability

Data will be made available on request.
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Table E.10
Appendix thermogram-level descriptive comparison of complexity measures between Healthy and RA groups under No-cooling 
(NC). These summaries are retained for comparability with earlier thermography studies only; primary inferential conclusions are 
based on subject-level analyses. Values are mean ± SD. 𝑝-values are from the Mann–Whitney 𝑈 test and BH-FDR adjusted within 
the NC feature family. Significant values (𝑝FDR < 0.05) are highlighted in bold.
 Measure Encoding/Type Healthy RA 𝑝FDR Cohen’s 𝑑 
 
LZC

Binary 0.306 ± 0.098 0.282 ± 0.104 0.0076 −0.233  
 Slope 0.847 ± 0.037 0.837 ± 0.033 0.0076 −0.267  
 Zero-crossing 0.281 ± 0.073 0.262 ± 0.064 0.0095 −0.269  
 Multilevel 0.380 ± 0.057 0.370 ± 0.051 0.0602 −0.191  
 PC Continuous (no encoding) 0.681 ± 0.023 0.687 ± 0.022 0.0095 0.289  
 BPE Continuous (no encoding) 0.187 ± 0.043 0.187 ± 0.037 0.8405 0.011  
LZC is computed from symbolized sequences and therefore depends on the encoding strategy. In contrast, permutation complexity (PC) and 
belief permutation entropy (BPE) are computed directly from the continuous normalized raster signal (embedding 𝑚=5, 𝜏=1), and therefore 
appear as single predictors in the comparison table. Accordingly, BH-FDR correction applies only to the four LZC encoding variants within each 
protocol, while PC and BPE are treated as standalone continuous-signal descriptors rather than encoding families.
Table E.11
Appendix thermogram-level descriptive comparison of complexity measures between Healthy and RA groups under Cooling. These 
summaries are retained for comparability with earlier thermography studies only; primary inferential conclusions are based on 
subject-level analyses. Values are mean ± SD. 𝑝-values are from the Mann–Whitney 𝑈 test and BH-FDR adjusted within the NC 
feature family. Significant values (𝑝FDR < 0.05) are highlighted in bold.
 Measure Encoding/Type Healthy RA 𝑝FDR Cohen’s 𝑑 
 
LZC

Binary 0.210 ± 0.060 0.219 ± 0.069 0.4367 0.140  
 Slope 0.786 ± 0.039 0.780 ± 0.035 0.1971 −0.165  
 Zero-crossing 0.211 ± 0.038 0.200 ± 0.031 0.0641 −0.340  
 Multilevel 0.312 ± 0.036 0.321 ± 0.038 0.1971 0.251  
 PC Continuous (no encoding) 0.637 ± 0.024 0.635 ± 0.020 0.3095 −0.089  
 BPE Continuous (no encoding) 0.163 ± 0.033 0.191 ± 0.037 0.000002 0.795  
LZC is computed from symbolized sequences and therefore depends on the encoding strategy. PC and BPE are computed directly from the 
continuous normalized raster signal (embedding 𝑚=5, 𝜏=1), and therefore appear as single predictors. BH-FDR correction applies to the four 
LZC encoding variants only. PC and BPE are continuous-signal descriptors and are therefore reported as single predictors rather than encoding 
families.
Table E.12
Predictive validation stability for univariate logistic regression models (Healthy versus RA), evaluated at the subject level after median aggregation of thermogram-
level features within each participant. AUC is reported as the bootstrap mean (1000 subject-level resamples) with 95% CI and as grouped subject-wise 
cross-validation (GroupCV; repeated 5-fold CV).
 Protocol Feature Cohort AUC (bootstrap mean) 95% CI AUC (GroupCV mean ± SD) 
 No-cooling LZC_binary Full subject cohort 0.582 [0.527, 0.639] 0.581 ± 0.060  
 No-cooling LZC_slope Full subject cohort 0.581 [0.529, 0.631] 0.580 ± 0.022  
 No-cooling PC Full subject cohort 0.575 [0.527, 0.628] 0.574 ± 0.041  
 No-cooling LZC_zero_cross Full subject cohort 0.573 [0.522, 0.623] 0.576 ± 0.027  
 No-cooling LZC_multilevel Full subject cohort 0.552 [0.500, 0.603] 0.556 ± 0.047  
 No-cooling BPE Full subject cohort 0.496 [0.439, 0.546] 0.463 ± 0.020  
 Cooling BPE Matched subject cohort 0.709 [0.639, 0.778] 0.713 ± 0.072  
 Cooling LZC_zero_cross Matched subject cohort 0.595 [0.512, 0.668] 0.592 ± 0.078  
 Cooling LZC_multilevel Matched subject cohort 0.568 [0.487, 0.651] 0.574 ± 0.128  
 Cooling LZC_slope Matched subject cohort 0.560 [0.483, 0.640] 0.565 ± 0.054  
 Cooling PC Matched subject cohort 0.545 [0.464, 0.622] 0.468 ± 0.112  
 Cooling LZC_binary Matched subject cohort 0.533 [0.454, 0.619] 0.533 ± 0.084  
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